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Improved P-value approximations by correcting for skewness and kurtosis 1 9 6
Theoretic investigation suggests that the score statistics Insights Into Microbial Ecology 21 (QIIME) pipeline. Because antibiotics may substantially change 2 4 2 microbiome composition to generate outliers that may distort the null distribution, we excluded samples 2 4 3 with self-reported history of antibiotic usage within one month. After quality control, 1879 subjects 2 4 4 remained for analysis. In simulations, we randomly selected ܰ samples for a given sample size ܰ .
4 5
For each setting, the type-I error rates were evaluated based on 10 8 simulations under ‫ܪ‬ . For the 2 4 6 interaction test and the joint test, the binary environment factor had a frequency of 50% and was 2 4 7 simulated independent of the SNP. The type-I error rates are summarized in Table 1 for weighted UniFrac 2 4 8 distance matrix. The skewness and kurtosis are reported in Figures 3C and 3D . The statistics adjusted for 2 4 9 skewness and kurtosis have accurate type-I error rates while the statistics without adjustment have 2 5 0 unacceptably high type-I error rates. As sample size increases, the impact of skewness and kurtosis 2 5 1 decreases. However, even for a study with
, the type-I error rates are still seriously inflated.
5 2
The results for the unweighted UniFrac distance matrix and for MAF=0.5 are reported in Table S1.  2  5  3 Software implementation, memory requirement and computational complexity 2 5 4
We implemented our algorithms in a software package, microbiomeGWAS, which is freely available at 2 5 5 https://github.com/lsncibb/microbiomeGWAS. MicrobiomeGWAS requires three sets of files: a 2 5 6 microbiome distance matrix file, a set of PLINK binary files for GWAS genotypes, and a set of covariates.
5 7
MicrobiomeGWAS processes one SNP at a time and does not load all genotype data into memory; thus, it 2 5 8 requires only memory for storing the distance matrix. Variance, skewness and kurtosis can be partitioned 2 5 9
into two parts related with the microbiome distance matrix and the MAF of the SNP separately; thus, we 2 6 0 can quickly calculate these quantities for a predefined grid of MAFs. The overall computational 2 6 1 complexity is about
, where ܰ is sample size and ‫ܯ‬ is the number of SNPs. Figure 4 reports the 2 6 2 computation time on a Linux server using a single core. 2 6 3 GWAS of microbiome diversity in adjacent normal lung tissues 2 6 4
We applied our methods to a set of lung cancer patients of Italian ancestry in the EAGLE 28 study. All 2 6 5 subjects have germline genome-wide SNPs 29 and 16S rRNA microbiome data (V3-V4 region, Illumina 2 6 6
MiSeq, 300 paired-end) in histologically normal lung tissues from these patients. Here, the histologically 2 6 7 normal lung tissues were 1~5 cm from the tumor tissue. We performed a series of quality control steps to 2 6 8 filter out low quality sequence reads: average quality score <20 over 30bp windows, less than 60% 2 6 9 similarity to the Greengenes 32 reference or identified as chimera reads using UCHIME 33 . Sequence reads 2 7 0 were then processed by QIIME 21 to produce relative abundances (RA) of taxa, two alpha diversity metrics 2 7 1 (observed number of species and Shannon's index) and beta-diversity metrics (unweighted and weighted 2 7 2 UniFrac distances) rarified to 1000 reads. We included 147 subjects with at least 1000 high quality 2 7 3 sequence reads for genetic association analysis.
7 4
Out of the 147 subjects, 78 are current smokers, 8 are never smokers and 61 are former smokers. Because 2 7 5 of the small number of never smokers, we merged never and former smokers as non-current smokers. All 2 7 6 of the genetic association analyses were adjusted for sex, age, smoking status, and the top three PCA 2 7 7
scores derived based on genome-wide SNPs. Here, the top three PCA scores were selected controlling 2 7 8 population stratification because other PCA scores were unassociated with the distance matrices. We 2 7 9 included 383,263 common SNPs with MAF ≥ 10% because rarer SNPs were expected to have no 2 8 0 statistical power given the current sample size. We first performed GWAS analysis using PLINK 34 to 2 8 1 identify SNPs associated with taxa with average RA greater than 0.1% or two alpha-diversity metrics. We 2 8 2 did not detect genome-wide significant associations with either main effects or gene by smoking 2 8 3 interactions.
8 4
Next, we performed GWAS analysis using unweighted and weighted UniFrac distance matrices as a 2 8 5 representation of eubacteria beta-diversity. The results for testing main effects are reported in Figure 5 .
8 6
Results for testing joint effects (main effect and SNP by smoking status interaction) are reported in 2 8 7 Figure S1 . Because of the small sample size, we observed large values of skewness and kurtosis with 2 8 8 magnitude varying with the MAF of the SNPs ( Figure 5A ). The score statistics based on the weighted 2 8 9
UniFrac distance matrix had a much larger skewness and kurtosis than did the unweighted UniFrac matrix.
9 0
Figures 5B and 5C report the quantile-quantile (QQ) plot of the logarithm of the association P-values for 2 9 1 the unweighted and weighted UniFrac distance matrices, respectively. For each distance matrix, we 2 9 2 produced QQ plots for P-values based on the asymptotic approximation and for P-values adjusted for 2 9 3 skewness and kurtosis. For both distance matrices, the QQ plots before adjustment strongly deviated from 2 9 4 the expected uniform distribution. Our adjustment eliminated the deviation. In addition, consistent with 2 9 5 the observation that the skewness and kurtosis were larger for the weighted UniFrac distance matrix, the 2 9 6 QQ plot deviated more for the analysis based on the weighted UniFrac distance. Note that the skewness 2 9 7 and kurtosis only affect the tail probabilities; thus, the inflation of the QQ plot is not reflected by the 2 9 8 Figure 5D ). After correcting for skewness and kurtosis, no locus remained genome-wide significant 3 0 3 (Figure 5D ), which was verified by 10 8 permutations. Importantly, skewness and kurtosis had a dramatic 3 0 4 effect on tail probabilities. Here, we use SNP rs12785513 as an example, which was identified as the top 3 0 5 SNP in both analyses. In the unweighted UniFrac analysis, P= 4.4×10 -9 without adjustment and P=1.6×10 -3 0 6
6 after adjustment, a 364-fold inflation. The inflation was even larger for weighted UniFrac analysis 3 0 7 because of larger skewness and kurtosis ( Figure 5A ). In fact, P= 3.4×10
-10 without adjustment and 3 0 8
P=3.5×10 -6 after adjustment, a 1000-fold inflation. Although these SNPs were not significant genome-3 0 9 wide, they were the top SNPs from the current study. Thus, we report box-plots for each of these nine 3 1 0 SNPs ( Figure 5E ). As expected, in all box plots, microbiome distances tend to be larger in subject pairs 3 1 1 with greater genetic distance at these SNPs. These associations remain to be replicated in studies with 3 1 2 larger sample sizes. 3 1 3
Finally, we concentrated on the six common SNPs in four genomic regions reported to be associated with 3 1 4 lung cancer risk in GWAS of European subjects: rs2036534 and rs1051730 at 15q25.1 [36] [37] [38] [39] 
We first calculate . We can also assume the Hardy-Weinberg equilibrium and characterize the 3 7 4
probabilities as the allele frequency:
can be calculated similarly using (A1), (A2) and (A3). . We first calculate the covariance under
. Some algebra leads to 3 8 1
with ߤ ଶ and ߤ ଷ specified in (2) and (3). Combining (2), (5) and (A4), we have 3 8 2
(A5) suggests that the correlation is asymptotically independent of the microbiome distance matrix. In 3 8 3 real data analyses, we found that (A5) was very accurate when sample size
. likelihood ratio statistic is simplified as 3 9 0
To simplify the optimization problem in (A6), we perform a linear transformation:
and can be interpreted as the difference of the 3 9 4 square of two distances ( Figure S2B ). The original parameter space
. Thus, the new parameter 3 9 6 space is bounded by two lines represented by
We partition the 2D plane into 3 9 7 four parts (see Figure S2B) 
We now perform an inverse transformation using matrix 4 0 0 Tedious calculations show that
. Similarly, ; thus,
. This proves (8). The probabilities in (8) 
. We first 4 0 9
, which leads to 4 1 1 Note that
. Similarly, we can prove
Appendix E: Improve P-value approximations by adjusting for skewness and kurtosis 4 1 7
We assume that . We define a new probability measure by embedding to the exponential 4 2 0
is the log moment generating function. Note that 
Combining (A14) and (A15) gives
which is further approximated 4 3 1
based on 4 3 2 the Taylor expansion. This proves (9). 4 3 3
If we correct skewness but assume kurtosis
. We recalculate 
